Abstract-Online fault detection is an effective means to improve wind turbine reliability and performance and reduce wind turbine downtime and operating and maintenance costs. Current-based wind turbine fault detection techniques have received more and more attention in academia and industry due to their nonintrusive character and economic advantages. This paper presents a novel computationally efficient high-resolution wideband synchronous sampling algorithm for the mechanical fault detection of variable-speed direct-drive wind turbines (i.e., no gearbox) only using nonstationary generator stator current measurements. The proposed algorithm synchronously resamples the current signals such that the varying characteristic frequencies of the excitations generated by wind turbine faults in the current signals become constant values. An impulse detection algorithm is then proposed to detect the faults by identifying the excitations from the frequency spectra of the synchronously sampled stator current signals. Experimental studies are carried out to demonstrate the effectiveness of the proposed algorithms for the detection of rotor eccentricity and bearing faults of a direct-drive wind turbine operating in variable-speed conditions.
10%-15% and 20%-35%, respectively, of the total cost of the electricity generated [4] , [5] . Online condition monitoring and fault detection is an effective means of not only increasing the reliability and capacity factor but also reducing the costs and downtime associated with the O&M of wind turbines.
Current-based wind turbine fault detection techniques have received more and more attention in academia and industry. These techniques use current signals in wind turbine generator control systems for wind turbine fault detection; no additional sensors or data acquisition devices are needed. Moreover, current signals are reliable and easily accessible from the ground without intruding the wind turbines. Therefore, current-based fault detection techniques have great economic benefits and potential to be adopted by the wind power industry. Some studies have shown that faults in wind turbines can be detected by using generator stator current signals or current frequency/amplitude demodulated signals [6] [7] [8] [9] . However, it is challenging to extract the signatures generated by wind turbine faults from nonstationary current signals due to varying shaft rotating speeds of wind turbines [7] .
Synchronous sampling is a promising technique for data processing of rotating machinery operating in variable shaft speed conditions [10] . Compared to the time-frequency analysis algorithms [11] [12] [13] , which are able to extract fault signatures from nonstationary signals, the synchronous sampling technique, which is designed for frequency analysis, has a higher resolution in the frequency domain [14] . There are two classes of synchronous sampling approaches: analog approaches and digital approaches. The analog approach performs synchronous sampling based on timings, which are controlled by the input analog signal and system clock [15] . This approach has not been reported for wind turbine fault detection. The digital synchronous sampling approaches have been applied for the vibration-based fault detection of wind turbine gearboxes and gas turbine bearings [10] , [16] . However, the implementation of those approaches required a shaft encoder or a key phaser to get the information of the turbine shaft rotating speed. Another digital synchronous sampling approach, named 1P-invariant method, was proposed in [7] and [17] and adopted in [9] and [18] , which does not require any additional hardware for measuring wind turbine shaft rotating speed. In the 1P-invariant method, the signal is synchronously down-sampled based on its frequency. However, the synchronously down-sampled signal usually has a much lower sampling frequency than the original signal. Moreover, the 1P-invariant method requires a large memory for implementation and has inevitable quantization (truncation) errors. Therefore, in practice, it only works effectively in the low-frequency region of the processed signal. For the wind turbine faults which generate signatures in the highfrequency region of generator current signals, e.g., rotor eccentricity fault and bearing cage fault, the 1P-invariant method is not effective to extract the fault signatures. An improved synchronous sampling method was proposed in [19] , in which the signal is synchronously resampled based on its frequency, and the synchronously resampled signal can have the same sampling frequency as the original signal. That method has reduced memory requirement and no truncation error. Therefore, it can detect wind turbine faults which generate signatures in the highfrequency region of generator current signals. However, huge CPU resources are required to implement the iterative operation in that method. Therefore, a computationally efficient wideband synchronous sampling approach is desired for the current-based fault detection of wind turbines operating in variable-speed conditions.
In practical applications, it is desired to detect wind turbine faults online solely based on the fault signatures extracted. When a fault signature is detected, it indicates that the related wind turbine component is in a deteriorated condition and maintenance might be required. Many wind turbine faults generate excitations (i.e., signatures) in the frequency spectra of generator current signals. These excitations can be identified by using an impulse detection algorithm. There are different impulse detection algorithms based on signal statistics [20] , fuzzy algorithm [21] , and median filter [22] . The design of an impulse detection algorithm depends on the patterns of the processed signals. The use of impulse detection for current-based wind turbine fault signature detection has been preliminarily studied in [18] . This paper proposes a novel current-based mechanical fault detection method for direct-drive wind turbines operating with varying shaft rotating frequencies. The proposed method consists of a low-computational-cost high-resolution wideband synchronous sampling algorithm and an impulse detection algorithm. In the synchronous sampling algorithm, the phase of the original time-domain uniformly sampled generator current signal is first estimated. According to the estimated phase, synchronous resampling is then performed for the current signal such that the varying characteristic frequencies of wind turbine faults in the current signal are converted to constant values. An impulse detection algorithm is then developed to identify the fault signatures, which are the excitations (i.e., impulses) generated by wind turbine faults at the fault characteristic frequencies in the frequency spectrum of the synchronously sampled current signal. The detected impulses are then used for the health condition evaluation and mechanical fault detection of the wind turbine. The proposed method is validated by experimental studies for the detection of a rotor eccentricity fault and a bearing cage fault of a commercial direct-drive wind turbine.
II. SYNCHRONOUS SAMPLING FOR CURRENT SIGNALS
Many faults in direct-drive wind turbines, e.g., blade imbalance, aerodynamic asymmetry, rotor eccentricity, bearing faults, etc., will generate excitations at certain frequencies (called fault characteristic frequencies) in the frequency spectra of generator current signals. In general, a fault characteristic frequency f fault can be expressed as follows:
where f r is the shaft rotating frequency of the wind turbine, f 1 is the fundamental frequency of the stator current signal, k f is a positive real number, and p is the number of pole pairs of the generator. Since a wind turbine is typically operated with a varying shaft rotating frequency, f 1 and f fault are varying.
A. Synchronous Sampling
Synchronous sampling is a nonuniform sampling method for signal processing. Fig. 1 illustrates a synchronously sampled nonstationary sinusoidal signal and its phase, where "nonstationary" denotes that the amplitude, frequency, and/or phase of the sinusoidal signal are variable. In synchronous sampling, the phases, instead of the time intervals, of the time-domain sampling points of the sinusoidal signal are evenly distributed. As illustrated in Fig. 1 , S 1 , S 2 , S 3 , S 4 , and S 5 are the time instants of the synchronous sampling points of the sinusoidal signal in one cycle. The corresponding phases of the signal at the five sampling points are 60
• , 120
• , 180
• , 240
• , and 300
• , respectively. Therefore, in each cycle of the synchronously sampled nonstationary sinusoidal signal, the number of the sampling points is a constant.
B. Signal Phase Estimation
The key to perform synchronous sampling is to find the location of each synchronous sampling point of the processed signal in the time domain. An easy way to do this is using the phase of the signal. This section proposes an algorithm to estimate the phase of the nonstationary sinusoidal signal, which is a generator current signal of a wind turbine in this paper, as illustrated in Fig. 2 . First, a forward-backward filter [23] is designed to filter out the high-frequency sampling noise in the current signal, which is implemented as follows:
where
T is a column vector representing the sampled generator current signal with a constant sampling frequency, such as that used in the control system of the wind turbine, N is the length of the sampled current signal, I 1 and θ are the instantaneous amplitude and phase of the fundamental frequency component of C, respectively, C represents the harmonics of C and the sampling noise, H f is a filter expressed in a matrix form, C f is the forward-filtered result of C; C R f is obtained by reversing the sequence of the samples of C f , and therefore, C R fb is the backward-filtered result of C f . Finally, C fb , which is the forward-backward-filtered result of C, is obtained by reversing the sequence of the samples of C R fb . As given in (6), C fb is an estimation of the fundamental frequency component of C. The forward-backward filter is a zerophase-distortion filter used to facilitate the phase estimation of the signal, which is critical to synchronous sampling.
The Hilbert transform [24] is then used to calculate the instantaneous amplitude I 1 of the forward-backward-filtered current signal C fb where H(·) stands for the Hilbert transform; F (·) and F −1 (·) stand for the fast Fourier transform (FFT) and inverse FFT, respectively.
C fb is then normalized with respect to its instantaneous amplitude I 1 , and the result is the following according to (6) :
Finally, the inverse sine function "arcsin(·)" is applied to the normalized current signal, and the result is the instantaneous phase θ of the fundamental component of the original current signal C with a domain of definition of [0, 360) degree.
C. Resampling
Assume that the original nonstationary generator current signal is uniformly sampled with a constant sampling frequency F s . Then, the total number of the sampling points in one cycle of the fundamental component of the current signal is F s /f 1 , which is variable because the fundamental frequency of the nonstationary stator current signal, f 1 , is variable. A resampling algorithm is proposed to achieve synchronous sampling of the generator current signal. Assume that there are L s sampling points in each cycle of the synchronously sampled stator current signal, where L s is a constant natural number. According to the Nyquist-Shannon sampling theorem, L s must satisfy the following condition:
Then, the phase value θ s of the l s th
Fig . 3 illustrates the phase θ(t) of the current signal versus time t in a segment of the signal, where S(n), S(n + 1), and S(n + 2) are the sampling times of the original current samples, θ(n), θ(n + 1), and θ(n + 2) are the corresponding phase values of the original current samples, respectively, obtained by using the algorithm in Fig. 2 , S s (l s ) and S s (l s + 1) are the pending synchronous sampling times of the current signal satisfying and θ s (l s ) and θ s (l s + 1) are the corresponding phase values of the synchronously sampled current signal, respectively. If the sampling frequency F s is sufficiently higher than f 1 , e.g., F s > 50 · f 1 , then it is reasonable to assume that the phase value θ is linear between any two consecutive samples, such as S(n) and S(n + 1). Therefore, S s (l s ) can be calculated by
The calculated synchronous sampling time S s (l s ) will be used to resample the current signal in the next step. Similarly, it is reasonable to assume that the current signal C is linear between any two consecutive samples. As illustrated in Fig. 4 , the current sample C s (l s ) at the time S s (l s ) is then calculated via synchronous resampling as follows:
D. PSD Analysis
The power spectral density (PSD) analysis is applied to extract the wind turbine fault signature from the synchronously sampled current signal C s (l s ), where l s = 1, 2, . . . , L s . In the PSD analysis, C s (l s ) is treated as a uniformly sampled signal, namely, the sampling interval T s of C s (l s ) is treated as a constant. Since the number of the sampling points, L s , in each cycle of C s (l s ) is also a constant, the fundamental frequency f 1 of C s (l s ) is now a constant value in the PSD analysis
In a direct-drive wind turbine, the relationship between the shaft rotating frequency f r and the fundamental frequency f 1 of the generator stator current is given as follows:
Thus, f r is also a constant value in the proposed PSD analysis of the synchronously sampled current signal C s (l s ). Moreover, since the wind turbine fault characteristic frequency f fault is proportional to f 1 and f r , as expressed in (1), f fault also becomes a constant value in the PSD analysis of C s (l s ). 
III. FAULT SIGNATURE EXTRACTION AND EVALUATION
In a PSD spectrum, the magnitude at a certain frequency represents the energy of the time-domain signal at the frequency. If the signal has high energy at a certain frequency, it will generate an excitation or impulse at that frequency in the PSD spectrum of the signal. An impulse detection algorithm (see Fig. 5 ) is proposed to identify the impulses in the PSD spectrum of the synchronously sampled generator current signal [18] . Since the PSD spectrum of the synchronously sampled current signal usually has nonstationary amplitudes, it is difficult to use a global threshold to identify the impulses of the PSD spectrum. Thus, a localized method is required to preprocess the PSD spectrum for impulse detection.
Assume that S c (f ) is the sampled PSD of the synchronously sampled current signal, where f = 1, 2, 3, . . . , F , and F is the length of S c (f ). Define the energy of the synchronously sampled signal at frequency f as P x (f ); then,
A moving window of length 2W + 1 is applied to S c (f ). The total energy of the signal at the frequencies in the moving window is defined as P W (f ); then,
The ratio R(f ) is defined to be the percentage of the energy of the synchronously sampled current signal at the frequency f with respect to the total energy of the signal at all frequencies contained in the moving window
The R(f ) represents the locally normalized PSD of the synchronously sampled current signal. If R(f ) at a certain frequency is greater than a threshold T , it indicates that there is an impulse at that frequency. In practice, it is important to automatically generate T from the PSD spectrum. This paper uses a median filter [22] , which is a nonlinear filter, to process R(f ) as follows to generate the threshold:
is the order of the median filter, and F Median [·] stands for selecting the median in the set [·]. The threshold T is then set to be the following:
where F Max [·] stands for selecting the maximum value in the set [·]. In order to effectively extract the impulses in the PSD using (20) , the length of the moving window 2W + 1 must be shorter than the distant between two nearest excitations in the PSD spectrum so that the normalized energy (i.e., magnitude) of each impulse calculated by (20) will not be reduced by the existence of multiple impulses in the same window. In addition, the length of the moving window 2W + 1 should be large enough (e.g., 2W + 1 > 50) to minimize the values of R(f ) in the frequency intervals without any impulses.
In the locally normalized PSD of the synchronously sampled current signal, the amplitudes of the impulses at the characteristic frequencies of wind turbine faults are the signatures for mechanical fault detection. Usually, there are no impulses at the fault characteristic frequencies when the wind turbine is in healthy conditions. On the other hand, if an impulse is detected at a characteristic frequency of wind turbine faults, it indicates that the wind turbine is in a faulty condition and maintenance may be required.
IV. SIGNATURES OF WIND TURBINE FAULTS IN CURRENT SIGNALS
Blade imbalance and aerodynamic asymmetry of direct-drive wind turbines have been successfully detected by using the 1P-invariant method presented in [7] . This paper focuses on rotor eccentricity and bearing fault detection of direct-drive wind turbines using the proposed method.
A. Rotor Eccentricity
Current spectrum analysis has been used for the rotor eccentricity detection of permanent-magnet synchronous motors (PMSMs) [25] [26] [27] [28] . These papers have shown that the excitations at certain frequencies of the PSD spectra of the PMSM stator current signals are good signatures for detecting rotor eccentricity faults of the PMSMs. However, little work has been reported on rotor eccentricity detection for direct-drive wind turbines, which are usually equipped with permanent-magnet synchronous generators (PMSGs) operating in variable-speed conditions. Similar to PMSMs [25] , [26] , the characteristic frequencies f ecc of rotor eccentricity faults of a direct-drive wind turbine in the PSD of a PMSG stator current signal can be expressed as follows:
where k = 1, 2, 3, . . . are integers. Since the fundamental frequency f 1 is not constant due to the variable-speed operation of the wind turbine, it is difficult to apply current spectrum analysis directly for rotor eccentricity detection.
B. Bearing Fault
The configuration of a ball bearing is shown in Fig. 6 , where D b is the ball diameter, D c is the pitch diameter, and φ is the ball contact angle, which is normally zero [29] . The singlepoint faults of this type of bearings include the inner-race fault, outer-race fault, ball fault, and cage fault. The theoretical characteristic frequencies of the four types of single-point bearing faults in vibration measurements are given as follows [30] :
where f i , f o , f b , and f c are the characteristic frequencies of an inner-race bearing fault, outer-race bearing fault, bearing ball fault, and bearing cage fault, respectively, f r is the rotating frequency of the bearing, and N B is the number of balls in the bearing. These characteristic frequencies of the singlepoint bearing faults in vibration measurements depend on the bearing geometry and rotating frequency. The excitations at these frequencies can be used for bearing fault detection.
To apply PMSG stator current signals for bearing fault detection, the influence of bearing faults on the stator current signals needs to be modeled. Similar to electric machines [31] , due to the radial rotor movement and the shaft torque variation generated by a wind turbine bearing fault, both the frequency and the amplitude of the PMSG stator current signals are modulated by the characteristic frequency f bf of the bearing fault in vibration measurements, where f bf stands for f i , f o , f b , or f c . Thus, the characteristic frequencies f c.bf of the bearing fault in a current signal due to the modulation of its fundamental frequency f 1 by f bf can be expressed as follows [32] :
where k takes the same values as that in (23) . In addition, the harmonics of the stator current signals are also modulated by f bf [33] . However, since the harmonics have much lower magnitudes than the fundamental component, the excitations generated at the frequencies caused by the current harmonics modulation are much smaller than those generated at the frequencies f c.bf given by (28) . Based on (24)- (28), it is also a challenge to use current spectrum analysis directly for bearing fault detection due to the nonstationary current fundamental frequency f 1 and rotating frequency f r of the wind turbine.
V. EXPERIMENTAL RESULTS

A. Experimental Setup
A 160-W Southwest Windpower Air Breeze direct-drive PMSG wind turbine was used for experimental studies. The PMSG has six pole pairs (p = 6). The test wind turbine was operated in a wind tunnel, which uses a variable-speed fan to generate controllable wind flows with the speed from 0 to 10 m/s, as shown in Fig. 7. Fig. 8 shows the sensing and data acquisition system used for the test wind turbine in the experiments. One phase stator current of the PMSG was recorded via a Fluke 80i-110s ac/dc current clamp. The measured current signals were digitalized by a National Instrument data acquisition system with a sampling rate of 10 kHz. The current samples were acquired by the LabView software operating on a laboratory computer for the mechanical fault detection of the test wind turbine using the proposed synchronous sampling and impulse detection method. Fig. 9 illustrates the test wind turbine, which uses two bearings to support the rotor and shaft. To emulate a rotor eccentricity, one bearing was removed to increase the degree of freedom of the rotor in the vertical direction, as illustrated by the dashed-line arrow in Fig. 9 . Experiments were performed for the wind turbine with two bearings (healthy case) and one bearing (rotor eccentricity case) operated with a nonstationary shaft rotating frequency in the range of 6-13 Hz. The length of the data record is 100 s in each case.
B. Rotor Eccentricity
The proposed synchronous sampling algorithm was applied to calculate the PSDs of the stator current signals of the test wind turbine in the healthy condition and with the rotor eccentricity. In the synchronous sampling, L s is chosen to be 32, T s is chosen to be 1/1920 s in the PSD analysis, and the MATLAB function "filtfilt(b, a)" is used to implement the forward-backward filter for the phase estimation of the current signal, where b = ones(1, 10)/10 and a = 1. The function "ones" creates a 1 × 10 array with all elements being one. According to (16) , the fundamental frequency f 1 of the synchronously sampled stator current signal is 60 Hz in both cases. The PSDs of the synchronously sampled stator current signals for the two cases are compared in Fig. 10 , where 50 and 70 Hz are two characteristic frequencies of the rotor eccentricity corresponding to k = 1 in (23). In the healthy case shown in Fig. 10(a) , small excitations caused by the inevitable small blade imbalance and aerodynamic asymmetry are observed at 50 and 70 Hz. However, in Fig. 10(b) , due to the emulated rotor eccentricity fault caused by the loss of one bearing, the magnitudes of the excitations at 50 and 70 Hz increased significantly when compared to those in Fig. 10(a) . In addition, there are excitations at 30 and 90 Hz in both cases. These frequencies correspond to k = 2 in (23). However, these excitations are not chosen for the emulated rotor eccentricity detection of the test wind turbine because the effects of yaw error and tower shadow of a three-blade wind turbine would also generate excitations at these frequencies [34] , and the amplitudes of these excitations do not increase significantly compared to those at 50 and 70 Hz in the case of the emulated rotor eccentricity fault.
The proposed impulse detection algorithm was then applied to identify the excitations in the PSD of the synchronously sampled stator current signal for the detection of the emulated rotor eccentricity. The length of the moving window was chosen to be 101. A third-order median filter was designed to calculate the threshold T . The locally normalized PSD spectra [i.e., R(f )] of the synchronously sampled stator current signals for the two cases are compared in Fig. 11 . Fig. 11(a) shows that, in the healthy case, the amplitudes of the excitations at 50 and 70 Hz are below the threshold. On the other hand, Fig. 11(b)   Fig. 11 . Locally normalized PSD of the synchronously sampled stator current signal and the threshold generated by the impulse detection algorithm for (a) healthy case and (b) emulated rotor eccentricity case. shows that the proposed impulse detection algorithm successfully extracted the fault signatures, which are the excitations at the fault characteristic frequencies of 50 and 70 Hz, for the emulated rotor eccentricity detection.
The PSD spectrum of the original uniformly sampled stator current signal is also calculated, as shown in Fig. 12 , for the emulated rotor eccentricity case. Due to the varying shaft rotating frequency of the wind turbine, the fault characteristic frequencies vary and overlap the varying fundamental frequency f 1 of the original uniformly sampled stator current signal in the current PSD spectrum. As a result, the fault characteristic frequencies cannot be detected by simply using the PSD spectrum analysis for the original uniformly sampled stator current signal. Fig. 13 compares the spectrograms of the original uniformly sampled stator current signal generated by using the short-time Fourier transform [24] for the healthy case and the emulated rotor eccentricity case. The fundamental frequency of the nonstationary current signal is in the range from 40 to 80 Hz. However, it is difficult to identify any excitations caused by the emulated rotor eccentricity fault around the fundamental frequency due to the low amplitudes of these excitations.
Theoretically, the 1P-invariant PSD method in [7] and [17] and the frequency-based synchronous sampling method in [19] can also be applied for the eccentricity fault detection of the wind turbine. However, due to the requirement of huge memory space and CPU resources to implement, the highest sampling frequency of the signal processed by the 1P-invariant PSD method is limited in practical applications. This limitation makes the 1P-invariant PSD method a narrow-band method unsuitable for the online detection of the wind turbine faults which have relatively high characteristic frequencies, such as the rotor eccentricity fault. Moreover, the 1P-invariant PSD method requires an integral down-sampling step size, which results in inevitable truncation errors in the processed signal. The frequency-based synchronous sampling method in [19] has a reduced memory requirement and no truncation error but requires huge CPU resources to synchronously resample the signal iteratively. On the contrary, the proposed phase-based synchronous sampling algorithm needs a low memory space for storing data, has a low computational cost and no truncation error, and can synchronously resample a signal with a frequency close to its original sampling frequency. Therefore, the proposed synchronous sampling algorithm is a novel computationally efficient wideband digital synchronous sampling approach more suitable for the online detection of wind turbine faults, particularly the faults having high characteristic frequencies in the current signals. Table I compares the 1P-invariant PSD method, the frequency-based synchronous sampling method in [19] , and the proposed phase-based synchronous sampling algorithm implemented on the same desktop computer with an Intel i5-2410M 2.3-GHz CPU and a 2-GB RAM for the rotor eccentricity fault detection using the current signal. When the 1P-invariant PSD method is used, the computer is out of memory due to the huge memory requirement of the method. Compared to the frequency-based synchronous sampling method, the proposed synchronous sampling algorithm uses a little lower memory and only 1/9 CPU time. 
C. Bearing Cage Fault
In this test, the test bearing (7C55MP4017) was initially a new bearing and pretreated by removing the lubrication oil to accelerate its degradation The PSDs of the synchronously sampled stator current signals for the healthy bearing case and the faulty bearing case are compared in Fig. 15 , where L s is chosen to be 32, T s is 1/1920 s, and the same forward-backward filter used for the rotor eccentricity detection is used for the bearing fault detection. Then, f 1 of the synchronously sampled stator current signal is 60 Hz, and f r is 10 Hz according to (17) for both cases. Therefore, according to (27) and (28), the characteristic frequencies f c.bf of the bearing cage fault in the synchronously sampled stator current signal are approximately 60 ± k · 3.8 Hz. As in Fig. 15(b) , excitations appear at the fixed frequencies of 56.1 and 63.9 Hz in the PSD of the synchronously sampled current signal in the faulty bearing case. These two fault characteristic frequencies are close to the calculated theoretical values of 60 ± 3.8 Hz when k = ±1. Moreover, there are excitations at 53.9 and 66.1 Hz in Fig. 15 , which were generated by the modulation between the bearing cage fault frequencies and the shaft rotating frequency f r [9] .
The proposed impulse detection algorithm was then applied to extract the excitations in the PSD of the synchronously sampled stator current signal for bearing cage fault detection. The length of the moving window was chosen to be 101. A third-order median filter was designed for threshold calculation. The locally normalized PSD [i.e., R(f )] of the synchronously sampled stator current signal for the faulty bearing case is plotted in Fig. 16 . The threshold was calculated to be 0.19. The impulses appear at 56.1 and 63.9 Hz, which are the signatures of the bearing cage fault in the test wind turbine.
The proposed impulse detection algorithm was also applied to extract a signature of the bearing cage fault from the PSDs of the synchronously sampled current signals during the entire 25-h experiment, as shown in Fig. 17 , where the signature is the amplitude at 63.9 Hz (i.e., one of the bearing cage fault characteristic frequencies) of the locally normalized PSD of each synchronously sampled current record. It shows that the signature of the bearing cage fault first appeared at the 2.5th hour, then disappeared, and then continuously appeared from the 5th hour to the 8th hour of the experiment. This result indicates a significant degradation of the bearing cage, and maintenance should be taken immediately after the 5th hour of the experiment. From the 8th hour until the end of the experi- ment, the wearing of the broken cage mitigated the amplitude of the excitation at 63.9 Hz. As a result, the excitations at 63.9 Hz of some current records were occasionally below the threshold and cannot be detected. Since there was no maintenance taken during the experiment, the bearing was damaged, and the wind turbine was stopped at the 25th hour of the experiment by the protection system. This result demonstrates that the proposed method, which consists of the synchronous sampling and impulse detection algorithms, is effective for the online monitoring of the wind turbine health condition, detecting the wind turbine fault, and determining when maintenance is required.
VI. CONCLUSION
A current-based online mechanical fault detection method, which consists of a novel computationally efficient highresolution wideband synchronous sampling algorithm and an impulse detection algorithm, has been developed for variablespeed direct-drive wind turbines. The proposed method converts the variable characteristic frequencies of wind turbine faults in the generator current signals to constant values via the synchronous sampling algorithm, which does not require any additional hardware to implement. The impulse detection method has then been designed to extract wind turbine fault signatures from the PSDs of the synchronously sampled generator current signals. Compared to commonly used time-frequency analysis methods, the proposed method has a higher resolution in the frequency domain and therefore is more effective to extract the frequency-domain signatures of a wind turbine fault from current signals which usually have a low signal-tonoise ratio. Furthermore, compared to the previously developed digital synchronous sampling-based fault detection approaches in [7] and [9] , the proposed method has a lower computational cost, needs lower memory space, and/or has higher accuracy and higher frequency bandwidth for fault detection. The proposed method has been validated by experimental studies for detecting a rotor eccentricity fault and a bearing cage fault of a direct-drive wind turbine operating with variable shaft rotating frequencies in a wind tunnel.
